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Abstract Depression detection and management is an important research field nowa-
days. In this research work, Cognitive Therapy and Routine Recommendation System
(CTRRS) is proposed. It automates the process of detecting depression and provides
personalized mental health recommendations using a Random Forest model for health-
care activities and a Long Short-Term Memory (LSTM) model for sentiment analysis. The
LSTM architecture includes dense layers, bidirectional LSTM layers, and embedding lay-
ers, with term frequency-inverse document frequency (TF-IDF) vectorization and early
stopping to prevent overfitting. Furthermore, a Voting Classifier improves classification
performance by combining the advantages of multiple models. The system’s evaluation
is centered on accuracy, precision, recall, and F1-score, with confusion matrices offering
in-depth analysis. Finally, CTRRS uses a cosine similarity algorithm to customize con-
tent to user preferences, increasing engagement. The study integrates machine learning
and deep learning by employing a Random Forest model for healthcare activity recom-
mendations and an LSTM model for sentiment analysis and depression detection. This
combination leverages the strengths of both approaches to enhance the system'’s over-
all performance. Additionally, ensemble learning techniques such as bagging, boosting,
and stacking are utilized to balance performance trade-offs and improve predictive accu-
racy. The LSTM model achieved 96.38% accuracy, 98.10% precision, 94.50% recall, and
a 96.27% F1-score, which are important findings. Through user-friendly visualizations
(PHQ-9 survey responses, word clouds highlighting frequent terms in depression-related
texts, bar charts displaying top TF-IDF features, and confusion matrices for model per-
formance evaluation), CTRRS enables users to monitor their progress in terms of mental
health and compliance with recommendations. This research advances mental health
care by providing a solution that is stigma-free, scalable, and accessible.
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1 Introduction

Millions of people worldwide suffer from depression,
a widespread mental health illness that has a major
negative influence on their day-to-day lives. The World
Health Organization (WHO) estimates that depression
affects over 264 million people globally and is the pri-
mary cause of disability. Conventional approaches to
depression diagnosis and treatment usually entail in-
person meetings with mental health specialists. Unfor-
tunately, societal stigma, lack of access to trained doc-
tors, and expensive prices sometimes impede these
approaches, leaving many people misdiagnosed and
untreated.

To tackle these issues, our proposed technique,
titled Cognitive Therapy and Routine Recommenda-
tion System (CTRRS) makes use of developments in
machine learning (ML) and artificial intelligence (Al).
Through an extensive smartphone application, CTRRS
offers a tailored mental health recommendation
system and an automated, unbiased technique for
detecting depression. In addition to facilitating early
identification, this system offers ongoing, individual-
ized assistance, both of which are essential for the
efficient treatment of mental health. CTRRS encour-
ages more people to seek assistance by providing
an accessible platform that overcomes obstacles like
stigma (Based on its design features that promote
user anonymity and ease of use. By allowing users to
engage with the system privately, it reduces the fear
of judgment) and restricted access to treatment.

Through the integration of two cutting-edge learn-
ing models—Random Forest and Long Short-Term
Memory (LSTM)—into a single, cohesive system, our
study presents a fresh and integrated approach
to mental health treatment. This work's main con-
tribution is its novel dual-model approach, which
simultaneously meets therapeutic and diagnostic
demands. Personalized healthcare activity recom-
mendations are made using the Random Forest
model, which takes into account user-specific factors
including height, weight, age, and activity level. The
LSTM model is used for both sentiment analysis and
depression identification because of its capacity to
handle sequential text data and identify long-term

relationships. Through the smooth integration of
diagnostic and therapeutic features, the dual-model
approach makes it possible for the Cognitive Therapy
and Routine Recommendation System (CTRRS) to
provide complete mental health care.

Another important aspect of CTRRS is its archi-
tectural design, especially its three-tiered structure,
which is specifically suited for real-time mental health
applications. The system consists of a secure data
storage system developed using Firebase Cloud
Storage, a strong Python backend using TensorFlow
and Scikit-learn for processing and running machine
learning models, and a Flutter-based mobile frontend
for user interaction. Because of its design, which
guarantees scalability, secure management of sen-
sitive user data, and real-time data synchronization,
CTRRS is a workable solution that should be widely
used. This study makes a substantial contribution by
matching user preferences with a carefully selected
collection of mental health materials and activities
using a cosine similarity algorithm. In addition to
increasing user engagement, our personalized recom-
mendation system makes sure that each user receives
recommendations that are extremely relevant to
them. Real-time changes to recommendations are
made possible by the dynamic interplay between
the Random Forest model and the cosine similarity
algorithm, which allows suggestions to adjust to the
changing requirements and preferences of users.

Building scalable and safe mental health apps has
never been easier thanks to the architectural design
of CTRRS, which has a three-tier architecture with a
Flutter-based frontend, a solid backend powered by
TensorFlow and Scikit-learn, and secure data storage
using Firebase Cloud Storage. This architecture is de-
signed expressly to manage the intricacies of providing
mental health care in real time, guaranteeing data syn-
chronization, user privacy, and system speed even as
the user base grows.

Our study has particular advantages that go well
beyond the creation of CTRRS. By making care more
responsive and individualized, the system’s capacity to
provide real-time, accurate depression identification
and recommendations for mental health treatment
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has the potential to dramatically enhance mental
health outcomes. CTRRS guarantees that users re-
ceive the care they require at the appropriate time
by processing vast volumes of data properly and
promptly. This improves the efficacy and accessibility
of mental health services.

Future research and development in Al-driven
healthcare has a solid basis thanks to the CTRRS
design and implementation methodologies.  Our
findings may be used by researchers to investigate
new directions, such as hybrid models that combine
deep learning with reinforcement learning to improve
recommendation systems even further. Furthermore,
combining multimodal data—like speech, facial emo-
tions, and biological signals—can result in a more
comprehensive knowledge of m Lastly, the dynamic
feature of CTRRS emphasizes the value of adaptive
systems in healthcare by continuously updating sug-
gestions depending on user behavior and preferences.
This feature makes mental health care more impactful
and long-lasting by guaranteeing that the system
stays in line with the changing demands of its users.
It also increases user engagement. Thus, our study
paves the path for future developments that can more
effectively address the complex demands of patients
by advancing the larger objective of creating more
sophisticated, adaptable, and user-centric Al solutions
in healthcare.

In a nutshell, the CTRRS offers a cutting-edge
method for tailored mental health care and auto-
mated depression identification. It greatly aids in the
ongoing attempts to enhance mental health treatment
by utilizing Al and ML to provide constant, impartial,
and approachable assistance. The system lays the
groundwork for future developments in this crucial
sector by advancing both the theoretical knowledge
of ensemble learning and its practical application in
the field of mental health.

The remainder of the document is organized as fol-
lows: The second section, "Related Work," places our
findings in the larger context of the field's evolution
by giving a succinct summary of earlier investigations
on machine learning and depression identification in
mental health. Our methodical approach, including

data preparation and ensemble model implementa-
tion, is described in Section 3, Methodology. Section
4 is the comparative research section which contains
information on the various categorization methods.

A comprehensive analysis of the model's perfor-
mance is provided in Section 5, Experiments and
Results, along with specific insights. The ramifications
of our findings are rigorously analyzed in Section
6, Discussion. Section 7, Conclusion, provides a
summary of the research endeavor that emphasizes
theoretical discoveries as well as practical applications
in the management of mental health.

2 Related Work

The emergence of Al-driven mental health support
systems that integrate machine learning algorithms
to provide personalized interventions. For instance,
platforms like Woebot utilize Al to deliver cognitive-
behavioral therapy techniques through conversational
interfaces, demonstrating the potential of such tech-
nologies in mental health care. Additionally, recent
advancements have seen the development of Al tools
capable of sensing user emotions via wearable devices,
offering guidance on various aspects of life, including
mental health. Mindvalley's E.V.E. is an example of
such a system, aiming to provide personalized advice
and support to users. These developments highlight
the growing trend of integrating Al into mental health
support systems, aligning with the objectives of the
Cognitive Therapy and Routine Recommendation Sys-
tem (CTRRS) in providing accessible and personalized
mental health care.

In recent years, there has been a lot of interest
in the use of machine learning techniques in mental
health, especially for the diagnosis of depression.
Numerous research has investigated the use of var-
ious models and algorithms to the identification of
depression symptoms from textual data. For example,
Shatte et al. [1] highlighted the promise of these
technologies in diagnosing mental health illnesses
from social media data in their thorough study of
machine learning applications in mental health.

One popular method is to examine textual data
from social media sites like Reddit and Twitter using
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Natural Language Processing (NLP) methods. Reece et
al. [2]showed that depression may be predicted with
a high degree of accuracy using linguistic indicators
taken from Twitter tweets. Similarly, Guntuku et al.
[3] highlighted the significance of multi-modal data
in mental health prediction by linguistic and visual
elements from Instagram posts to predict depression.

Recurrent Neural Networks with Long Short-Term
Memory (RNN-LSTM) for text processing is shown in
Figure 1. Raw data is first processed, after which it is
cleaned, normalized, annotated, and tokenized. Fol-
lowing the division of the data into training and testing
sets, the text is vectorized using feature engineering
techniques such as word embeddings, one-hot encod-
ing, and stemming. After that, the RNN-LSTM model is
trained and assessed using a model performance mod-
ule, as well as tuned hyperparameters to improve pre-
diction accuracy.

Recurrent neural network (RNN) models with Long
Short-Term Memory (LSTM) have demonstrated signif-
icant potential in handling sequential input and identi-
fying long-term relationships. Because of this, LSTM
models are especially well-suited for text data senti-
ment analysis and depression identification. LSTM net-
works were first presented by Hochreiter and Schmid-
huber [4] in their work, and they have subsequently
been extensively used for a variety of NLP applications.

LSTM models have been effectively used in several
studies for sentiment analysis and depression diagno-
sis. Orabi et al. [5] achieved good prediction accuracy
by using LSTM networks to evaluate content from so-
cial media platforms to diagnose depression. Similarly,
Sun et al. [6] showed how well LSTM networks can ex-
tract contextual information from text by creating an
LSTM-based model for sentiment categorization.

A Long Short-Term Memory (LSTM) cell, a crucial
part of Recurrent Neural Networks (RNNs) for process-
ing sequential input, is seen in Figure 2. The informa-
tion flow is regulated by the LSTM cell using a variety of
gates (input, forget, and output) that are managed by
activation functions (¢ and tanh). The input gate modi-
fies the cell state in response to fresh input data, while
the forget gate chooses which details from the previ-
ous cell state ¢;_1 to keep or discard. Lastly, for com-

plicated time-series predictions, the output gate regu-
lates the output h¢, guaranteeing that the model suc-
cessfully maintains long-term dependencies.

Because of its resilience and capacity to handle
high-dimensional data, Random Forest, an ensemble
learning technique, has found widespread application
in classification and regression applications. Com-
bining many decision trees, Breiman [7] invented
Random Forest, in which each tree is trained using
a different subset of the data. By using an ensem-
ble technique, overfitting is decreased and overall
predictive performance is improved.

Random Forest models have been used to forecast
patient outcomes and suggest customized therapies
in the context of healthcare recommendations. The
usefulness of Random Forest models in healthcare ap-
plications was demonstrated by Chen et al. [8], who
used them to forecast patient readmissions and rec-
ommend preventive actions. In a similar vein, Amato
et al. [9] classified medical data using Random Forest
and suggested individualized treatment regimens de-
pending on patient characteristics.

The training and testing phases of a Random For-
est model are depicted in Figure 3 of the procedure.
Different training data instances are used to build nu-
merous decision trees throughout the model's training
process. Every tree divides the input into two groups
(Class A and Class B). Using a bagging strategy (voting
majority), the outputs of each decision tree are com-
bined to provide a final prediction during the model
testing phase. This ensemble method creates a strong
predictive model by integrating the output of several
weak learners (decision trees), which decreases over-
fitting and boosts accuracy.

It has been demonstrated that ensemble learning,
which integrates the predictions of several models to
enhance overall performance, is beneficial in several
areas, including mental health. Dietterich [10] empha-
sized the benefits of ensemble approaches, including
improved robustness and accuracy. Ensemble learn-
ing may be used in mental health applications to im-
prove depression diagnosis and recommendation sys-
tems by utilizing the advantages of several methods.

The application of ensemble learning for mental
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health prediction has been examined in several re-
search articles. In comparison to individual models,
Yates et al. [11] achieved higher performance in
detecting mental health disorders from social media
data by utilizing an ensemble of classifiers. In a
similar vein, Nguyen et al. [12] showed the value of
ensemble approaches in raising prediction accuracy
by combining several machine learning algorithms to
forecast depressed symptoms from text data.
Recommendation engines are essential for giving
consumers tailored material according to their inter-
ests. Recommendation systems frequently employ
cosine similarity, a well-liked technique for comparing

|
| |
J AN )

Feature selection Rendom forest cizssier

Figure 3. RECOMMENDATIONS FOR HEALTHCARE USING
RANDOM FOREST MODELS

the similarity of two vectors. In their discussion of
recommendation systems, Ricci et al. emphasized the
value of individualized content delivery [13].

Recommendation engines have the potential to
offer users appropriate articles and resources to assist
their mental health and overall well-being. To provide
users with mental health article recommendations
based on their interests and preferences, Zhang et al.
[14] built a content-based recommendation system
utilizing cosine similarity. These kinds of technologies
can improve user involvement and offer beneficial
assistance in managing mental health.

The application of recommendation systems and
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machine learning in mental health has been the
subject of several research papers; however, the com-
bination of these technologies into a comprehensive
Cognitive Therapy and Routine Recommendation
System (CTRRS) is still relatively new. The CTRRS uses
the advantages of Random Forest and LSTM models
to offer tailored healthcare recommendations and
automatic depression identification. Through the pro-
vision of easily available, ongoing, and individualized
assistance, this strategy seeks to overcome the short-
comings of conventional mental health treatment
practices.

3 Methodology

The thorough process for creating and assessing the
Cognitive Therapy and Routine Recommendation
System (CTRRS) is described in this part. The process
includes gathering data, preparing it, designing the
model, training it, assessing it, and putting important
algorithms into practice.

3.1 Information Gathering

A real-world depression dataset served as the
source of the CTRRS dataset. The Patient Health
Questionnaire-9 (PHQ-9), a standardized instrument
for identifying, diagnosing, and gauging the severity of
depression, is included in the dataset. To guarantee
data integrity and usefulness, the dataset underwent
preprocessing.

hal phal hal phal L]

Figure 4. PHQ9 DATA COLLECTION

A series of histograms depicting the distribution
of answers to every item in the PHQ-9 (Patient Health

Questionnaire) survey may be seen in Figure 4. With
the answer score (which ranges from 0 to 3) and the
frequency of each score represented by the y-axis,
each plot relates to one of the nine questions. The
distribution of the PHQ-9 scores, which is the sum
of the individual replies, is displayed in the final
figure. An overall picture of the intensity of depres-
sive symptoms is given by this score. The range of
answers demonstrates how various people react to
each question, which aids in the evaluation of mental
health.

3.2 Preprocessing Data

The Depression Reddit dataset, containing user-
generated posts from depression-related forums,
was used for sentiment analysis. The dataset in-
cludes 7,731 samples labeled as ’‘depressed’ or
'non-depressed’ to facilitate binary classification. To
guarantee the quality of the data input in the machine
learning models, preprocessing is an essential step.
The preprocessing procedures listed below were used:

Tokenization: The division of text into discrete
words.Eliminating frequent terms that don't add value
to the analysis is known as stop-word removal.

Stemming: Using the PorterStemmer to reduce
words to their base form

Vectorization is the process of employing Term
Frequency-Inverse Document Frequency (TF-IDF) to
convert text data into numerical representation [15].
TF-IDF reflects the importance of a term within a
document relative to its occurrence across the entire
corpus, thereby highlighting significant words while
diminishing the weight of common terms. Addition-
ally, to customize content to user preferences and
enhance engagement, the system employs a cosine
similarity algorithm.

Cosine similarity measures the cosine of the angle
between two non-zero vectors, quantifying their
similarity irrespective of magnitude. In the context of
text analysis, it evaluates how similar two documents
are based on their vector representations, with values
ranging from -1 (completely dissimilar) to 1 (identical).

After cleaning and preprocessing the text input,
the data is prepared for subsequent stages, such as
feature extraction and model training. Preprocessing
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steps may include tokenization, normalization, and
removal of stop words, which transform raw text into
a structured format suitable for machine learning
algorithms. The cleaned and preprocessed text in-
put serves as the foundational dataset for training
machine learning models.

mlSS
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Figure 5. COMPUTATIONAL ANALYSIS OF DEPRESSION
DATASET

Several visualizations pertaining to text analysis
of depression is shown in Figure 5. The distribution
of depression labels is displayed in the top-left chart,
where those with the labels "depressed (1)" and "non-
depressed (0)" are split almost evenly. Words like
"feel" and "want" stand out as being used the most
frequently in text samples related to depression, as
seen by the word cloud on the top-right. "Work" is one
of the most often occurring terms in the bottom-left
word cloud, which displays common words in text
samples free of sadness. The top 20 TF-IDF charac-
teristics are finally shown in a bottom-right bar chart,
which ranks the most important words according to
how important they are in distinguishing between text
that has been diagnosed with depression and that
has not. The text patterns and keyword importance
utilized in machine learning models for depression
diagnosis are shown in this picture.

3.3 Model Creation

The CTRRS employs two advanced models: the
Random Forest model which is a machine learning
algorithm, for healthcare recommendations and
the other is the Long Short-Term Memory (LSTM)

Algorithm 1. Preprocessing and Sentiment Analysis Using
LSTM for Depression Text Data

1: IMPORT necessary libraries
2: LOAD 'depression_dataset_reddit_cleaned.csv'
INTO dataset
FILL missing values WITH empty strings
INITIALIZE PorterStemmer
function preprocess_text(text)
CLEAN and lowercase text
REMOVE punctuation and special characters
TOKENIZE text into words
REMOVE stop words
10: STEM words using PorterStemmer
11 RETURN processed text
12: end function
13: APPLY preprocess_text TO ‘clean_text' column
14: INITIALIZE Tokenizer
15: FIT Tokenizer ON ‘clean_text’ column
16: CONVERT ’'clean_text’ TO sequences USING Tok-
enizer
17: PAD sequences TO ensure uniform input length
18: INITIALIZE LabelEncoder
19: FIT LabelEncoder ON target labels
20: TRANSFORM target labels TO numerical format
21: INITIALIZE Sequential model

O X N QU kAW

22: ADD Embedding layer WITH
input_dim=VOCAB_SIZE, out-
put_dim=EMBEDDING_DIM, in-

put_length=MAX_SEQUENCE_LENGTH

23: ADD LSTM layer WITH units=100, dropout=0.2, re-
current_dropout=0.2

24: ADD Dense layer
tion="sigmoid’

25: COMPILE model WITH loss='binary_crossentropy’,
optimizer="adam’, metrics=["accuracy’]

26: SPLIT data INTO training and validation sets

27: TRAIN model ON training data
batch_size=32, epochs=10,
tion_data=validation_set

28: EVALUATE model ON test data

WITH units=1, activa-

WITH
valida-

288



VFAST Transactions on Software Engineering Volume 12, Issue 4, 2024

model, which is a deep learning algorithm, for sen-
timent analysis and depression detection [16]. The
Random Forest model handles healthcare activity
recommendations based on structured user input,
while the LSTM model processes sequential text data
for depression detection. Their distinct functionalities
ensure a comprehensive system that addresses both
diagnostic and therapeutic needs. This synergistic de-
sign allows each model to operate within its strengths,
enhancing the overall performance.

3.3.1

Long Short-Term Memory (LSTM)
Model for Depression Detection and
Sentiment Analysis:

Text analysis can benefit from the LSTM model's ability
to handle sequential data and identify long-term de-
pendencies. The following layers are part of the LSTM
model’s architecture:

Figure 6. LSTM MODEL ARCHITECTURE

A Long Short-Term Memory (LSTM) network’s
architecture is depicted in Figure 6, which also shows
how sequential data is handled by several LSTM layers.
Long-term dependencies are efficiently captured
by maintaining information flow over time steps by
connecting each LSTM cell to its predecessor and
successor cells. Each node in the hidden levels (yellow
circles) processes data before sending it to the next
layer, as shown by the arrows that show the flow of
incoming data across these layers. When working with
text or time-series data, this architecture is especially
helpful since it helps comprehend the links that exist
between data points over time, which is necessary for
precise classifications or predictions.

Words are transformed into dense, fixed-size vec-

tors by the embedding layer. Bidirectional LSTM Layer:
Gathers additional contextual data by processing the
input sequence both forward and backward. Dropout
Layer: During training, a random percentage of input
units is set to zero to reduce overfitting. Dense Layer
with Sigmoid Activation: Generates the ultimate result
that shows the likelihood of depression [17].

Algorithm 2. Sentiment Analysis using LSTM

1: INITIALIZE model

2: ADD Embedding layer to model with specified in-
put_dim, output_dim, and input_length

3: ADD SpatialDropout1D layer with a dropout rate of
0.2

4; ADD Bidirectional LSTM layer with 128 units,
dropout of 0.2, and recurrent_dropout of 0.2

5. ADD Dense layer with 1 unit and sigmoid activation

6: COMPILE model with binary_crossentropy loss,
Adam optimizer, and accuracy metric

7: TRAIN model on X_train and y_train with speci-
fied epochs, batch_size, and validation_data, using
early_stopping callback

8: EVALUATE model on X_test and y_test

9: PRINT test accuracy

3.3.2 Recommendations for Healthcare
Activities Using the Random Forest

Model:

The Random Forest model is an ensemble learning
technique that builds many decision trees during
training and produces the mean prediction (regres-
sion) or mode of the classes (classification) for each
individual tree. Based on user preferences and past
data, the Random Forest model is employed in CTRRS
to suggest individualized healthcare interventions.

Algorithm 3. RandomForestRegressor for Healthcare
Activities

1: INITIALIZE RandomForestRegressor with 100 esti-
mators

2: TRAIN rf_model on X_train and y_train

3: PREDICT activities using rf_model on X_test
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3.3.3 Cosine Similarity for Suggestions in

Articles:
Users can receive appropriate article recommenda-
tions based on their choices by using cosine similarity.
Using this approach, one may measure the similarity
between two non-zero vectors in an inner product
space by computing the cosine of their angle.

Algorithm 4. Cosine Similarity for Article Recommendation

1: DEFINE FUNCTION(cosine_similarity(user_preference)

2:  TRANSFORM user_preference using TF-IDF vec-
torizer

3: COMPUTE similarity scores between user_tfidf
and tfidf_matrix

4:  IDENTIFY top n indices with the highest similar-
ity scores

5:  RETRIEVE recommended articles from df using
top indices

6: RETURN recommended articles (URL, title)

3.4 Model Training

The dataset is divided into training and testing sets for
each model during the training phase. The testing data
is used to evaluate the models’ performance after they
have been trained using the training data. Steps in
Training:

+ Splitting the dataset into training (80%) and test-
ing (20%) groups is known as data splitting.

* Model Training: Utilizing the training data, train
the Random Forest and LSTM models [18].

* Model Evaluation: Utilize measures like F1-
score, recall, accuracy, and precision to assess
the models.

The confusion matrix for the machine learning
model used to classify sadness is shown in Figure
7. "Non-Depressed" and "Depressed" are the two
classes that the matrix compares, along with the
real labels and the anticipated labels. The accurate
predictions, where the algorithm properly identified
people as either sad or not, are shown by the diagonal
entries (766 and 725). Misclassifications occurred in
the off-diagonal entries (17 and 39) when those who

Confusion Matrix

- 700

True Label
Non-Depressed

Depressed

Non-Depressed

Depressed

Predicted Label

Figure 7. Enter Caption

were not depressed were mistakenly classified as
such and vice versa. The model's total performance in
diagnosing depression, including recall, accuracy, and
precision, is thoroughly broken down in the confusion

matrix.
IN FP| _|766 17
N TP 39 725
Accuracy LSTM:
Accuracy = TP+ TN _ 766 + 725 _ 1491
y TP+TN+FP+FN 766+17+39+725 1547
=0.9638 or 96.38%
Precision LSTM:
Precision = L = 725 = 72—5 =0.9771 or 97.71%
TP+FP 725+17 742
Recall LSTM:
P 725 725
Recall= ——— = ——=— =094 4,909
eca TP FN - 755439 - 764 0.9490 or 94.90%
F1-Score LSTM:
2 x Precision x Recall 2 x 0.9771 x 0.9490 1.8526
F1-Score = = =

Precision + Recall 0.9771+0.9490  1.9267

=0.9620 or 96.20%
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Algorithm 5. Activity Prediction and Recommendation
Using Random Forest

1: LOAD 'healthcare_data.csv' INTO df

2: ENCODE 'gender’ USING LabelEncoder

3: SET X as [age, weight, height, encoded_gender, ac-
tivity_level]

4: SETy as 'Label’

5: INITIALIZE RandomForestRegressor WITH 100 es-
timators

6: TRAIN model USING X and y

7. DEFINE preprocess_inputs(age, weight,
gender, activity_level):

height,

* RETURN array of processed inputs

9: DEFINE predict_activities(input_array):

* RETURN predicted activity levels

11: DEFINE recommend_activities(level):

12:
* RETURN appropriate activities based on activ-
ity level
13: DEFINE save_activities_to_json(activities, links,
file="recommendations.json"):
14:

* SAVE activities and video links TO JSON file

15: DEFINE get_youtube_links(preferences, api_key):
16:

* RETURN list of video links FROM YouTube API

17: PROMPT user FOR inputs

18: PREPROCESS inputs

19: PREDICT activity levels

20: RECOMMEND activities

21: FETCH YouTube links

22: SAVE activities and links TO JSON
23: PRINT confirmation message

24: CALL main function

This pseudocode uses a RandomForestRegressor
to forecast and suggest healthcare actions depending
on user inputs. To begin, a healthcare dataset is
loaded and preprocessed, with categorical factors
like gender being encoded. To predict activity levels,
the model is trained using characteristics including
age, gender, height, weight, and activity level. The
preprocess_inputs() function formats new user
inputs; predict_activities() uses the trained model
to estimate activity levels; recommend_activities()
suggests appropriate activities based on predictions;
save_activities_to_json() stores recommendations
and related YouTube video links in a JSON file; and
get_youtube_links() retrieves YouTube video links.
These are some of the key functions. The primary
function combines these elements, gathers user input,
forecasts activity levels, makes suggestions, retrieves
video links, and stores the outcomes in a JSON file
before visualizing the data.

Distribution of Predicted Activity Levels

1000

BOO

Frequency

400

200

o 5 10 15 20 25 k]
Predicted Activity Level

Figure 8. RANDOMFORESTREGRESSOR EVALUATION

3.4.1 X-Axis (projected Activity Level):

The RandomForestRegressor’s projected activity levels
are plotted on the x-axis. These levels, which vary from
0 to 30, show that there are many different activity sug-
gestions.

3.4.2 Y-Axis (Frequency):
In the dataset, the y-axis shows the frequency of each
anticipated activity level. The more often that certain

291




VFAST Transactions on Software Engineering Volume 12, Issue 4, 2024

activity level prediction is, the higher the bar.

Features of Distribution:

* Multimodal Distribution: The data has many
modes or clusters, as shown by the histogram'’s
numerous peaks.

+ High Frequency at Extremes: At the lower (0-5)
and upper (25-30) ends of the activity spectrum,
there exist high frequencies. This implies that the
model forecasts low or high activity levels rather
frequently.

* Lower Frequency in the Medium Range: The
lower frequency in the medium range may indi-
cate that the model is more confident in its ability
to forecast the extremes, or it may indicate that
fewer users, based on the input parameters, fit
into the moderate activity group.

3.5 Implementation of the System
The following elements make up the three-tier archi-
tecture used to build the CTRRS system:

* Frontend (Mobile Application): The user inter-
face that shows suggestions and gathers data. It
is intended to be simple to use and intuitive.

+ Backend (Server-Side Processing): NLP and ML
model activities are handled by this component
while processing user input.

+ Database (Firebase Cloud Storage): This part
protects user information and exchanges, guar-
anteeing confidentiality and allowing the system
to grow and change over time.

Real-time replies are provided by the system, which
also maintains excellent speed and protects user pri-
vacy.

4 Comparative Research

The performance of one machine learning and
one deep learning technique—the Random Forest
model and the Long Short-Term Memory (LSTM)
model—applied particularly to routine recommen-
dation and depression detection in the Cognitive
Therapy and Routine Recommendation System
(CTRRS) is thoroughly examined in the comparative
analysis presented in Table 1 [19]. The accuracy,

precision, recall, and F1-score are among the key
measures used to assess each algorithm's efficacy.

The results show that the LSTM model performs
well, with an accuracy of 96.4%. This model performs
well in terms of precision, recall, and F1-score metrics,
and it shows a high degree of accuracy. Sentiment
analysis and depression identification are especially
well-suited applications for the LSTM model because
of its ability to handle sequential data efficiently and
identify long-term relationships.

The Random Forest model performs admirably as
well, with an accuracy of 94.9%. The ensemble model
exhibits remarkable accuracy, recall, and F1-score val-
ues by reducing overfitting and enhancing predictive
performance through the combination of numerous
decision trees. The Random Forest model is a useful
tool for suggesting healthcare actions based on user
preferences because of its versatility in handling dif-
ferent input data and its capacity to produce accurate
predictions.

Each model has advantages and disadvantages.
The Random Forest model uses ensemble learn-
ing techniques to produce strong recommendations,
while the LSTM model is excellent at processing textual
input for sentiment analysis. The comparison study
demonstrates the Random Forest model’s efficacy in
producing individualized exercise suggestions and the
LSTM model's superior performance in depression
detection tasks. This combination addresses regular
management as well as mental health evaluation,
providing a full solution for the CTRRS.

5 EXPERIMENTS AND RESULTS

In our study, we developed the Cognitive Therapy
and Routine Recommendation System (CTRRS) to
detect depression and provide personalized routine
recommendations. We utilized two primary datasets:
the Reddit Self-reported Depression Diagnosis (RSDD)
dataset and the Patient Health Questionnaire-9
(PHQ-9) dataset.

5.1 Datasets:

Reddit Self-reported Depression Diagnosis (RSDD)
Dataset: This dataset comprises Reddit posts from
approximately 9,000 users who have self-reported
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Table 1. LSTM and Random Forest Comparative Research

Algorithm Accuracy | Precision | Recall | F1-Score
0 1 0 1
LSTM 0.96 0.97 0.94 0.95
Random Forest 0.94 0.95 0.93 0.94
o Model Performance Comparison of depression.
- (STM * Random Forest Model: This ensemble learning

EEE Random Forest

0.98 4
0.970

Scores

Fl-Score

Precision Recall
Metrics

Accuracy

Figure 9. MODEL PERFORMANCE COMPARISON

a diagnosis of depression, along with posts from
about 107,000 matched control users. It provides a
rich source of user-generated content for analyzing
language patterns associated with depression.

5.1.1 Patient Health Questionnaire-9

(PHQ-9) Dataset:

The PHQ-9 is a widely used instrument for screening,
diagnosing, and measuring the severity of depression.
Our dataset includes responses from a diverse popu-
lation, facilitating the development of models that can
assess depression severity based on questionnaire re-
sponses.

We employed two machine learning models to an-
alyze the datasets:

* Long Short-Term Memory (LSTM) Model:
LSTM networks are effective in processing and
predicting sequential data. We utilized the LSTM
model to analyze temporal patterns in users’
Reddit posts, identifying linguistic cues indicative

method operates by constructing multiple deci-
sion trees during training. We applied the Ran-
dom Forest model to the PHQ-9 dataset to clas-
sify depression severity levels based on question-
naire responses.

A dataset was used in the Cognitive Therapy and
Routine Recommendation System (CTRRS) trials to
compare the effectiveness of two machine learning
techniques: the Random Forest model and the Long
Short-Term Memory (LSTM) model. The training and
evaluation of these models were done in a methodical
manner, guaranteeing a thorough evaluation of the
suggested strategy. The assessment measures, which
comprised F1-score, recall, accuracy, and precision,
gave a thorough picture of the models' capacities for
routine recommendation and depression detection
[20].

5.2 Experimental Setup
The research project is broken up into two phases.
The first step is pre-processing, in which information
is ready to handle the challenges posed by structured
and natural language health data. The 7,731 posts in
the depression Reddit dataset were used to diagnose
depression. To turn text into numerical features, this
dataset was subjected to tokenization, stop-word
removal, stemming, and TF-IDF vectorization. To
guarantee a balanced label distribution, the data was
then divided into training and testing sets.
Pre-processing was also done on the 1,000 records
in the healthcare dataset, which included attributes
like exercise level, gender, age, weight, and height.
This involved feature scaling to standardize the data
and label encoding for categorical variables. The
training and testing set of the dataset were divided

293



VFAST Transactions on Software Engineering Volume 12, Issue 4, 2024

similarly.

Models were assessed and trained in the second
phase. While the Random Forest model was used to
suggest tailored health activities on the healthcare
dataset, the LSTM model was applied to the depres-
sion dataset to identify symptoms of depression.
Based on measures like accuracy, precision, recall,
and F1-score, the models were assessed. Ultimately,
the predictions from both models were combined
using a Voting Classifier, which improved system
performance overall. The efficacy and scalability of
the Cognitive Therapy and Routine Recommendation
System (CTRRS) were guaranteed by meticulous
preprocessing and dataset selection.

5.3 Measures of Evaluation

The effectiveness of the Random Forest and LSTM
models was assessed using these datasets. The
healthcare dataset allowed for the assessment of the
Random Forest model’s capacity to suggest appropri-
ate healthcare actions, while the depression dataset
allowed for the evaluation of the LSTM model's per-
formance in depression diagnosis using sentiment
analysis. Both models were trained and evaluated
using strict, standardized protocols. Among the evalu-
ation criteria were the F1-score, recall, accuracy, and
precision. These metrics are essential for providing
a comprehensive view of the models’ performance
in recognizing patterns, especially with respect to
the challenging tasks of regular recommendation
and depression detection. A balanced statistic that
accounts for both false positives and false negatives is
provided by the F1-score. It is the accuracy and recall
of harmonic mean. The model’s recall measures how
well it can find all relevant instances in a class, while
accuracy measures how well positive predictions are
made. Accuracy provides a measure of the overall
forecast accuracy. By using these indications, we
may learn crucial information about the models’
advantages and potential weaknesses. We can gain
important insights into the strengths and areas for
improvement of the models by incorporating these
indicators [21].

5.4 Results

5.4.1 Text Preprocessing and Feature

Extraction
TF-IDF (Term Frequency-Inverse Document Frequency)
was used for text preprocessing, turning textual data
into numerical characteristics. The model can de-
termine a term’s significance across a range of user
replies thanks to its representation.
Term Frequency (TF):

Number of occurrences of term t in document d
Total number of terms in document d

TF(t, d) =

The term "depression" appears 5 times in a document
containing 100 words, the term frequency is:

TF("depression", d) = % =0.05

Inverse Document Frequency (IDF):

N
DF(t) = log (1 + Number of documents containing term t>

The "depression" appears in 10 out of 1000 docu-
ments, the IDF is:

1000
1+10

TF-IDF Calculation: The TF-IDF score for the term
"depression" in Document D is:

IDF("depression") = log ( ) ~ 2.900

TF - IDF("depression”, d) = 0.05 x 2.900 ~ 0.145

5.4.2 Depression Detection with LSTM
Sequence classification made use of the LSTM (Long
Short-Term Memory) model, which was able to capture
temporal relationships in the data. The LSTM unit is
expressed mathematically as follows:

Forget Gate:

Jt = o(Ws - The_q, Xe1 + by)
With Wf =[0.2,-0.3], h;_4 = 0.5, x; = 1.0, and bf =0.1:
ft =0(0.2x0.5-0.3x1.0+0.1) =0(0.0) = 0.5
Input Gate:
it = o(W; - The_q, Xel + by)
Candidate Cell State:

Ce = tanh(Wc - [he_q, Xe] + bc)
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Cell State Update:
Ce=fr Coq +ie- G
Iff; = 0.5, Cr_q = 0.6, iy = 0.7, and C; = 0.2:
(;=05x%x0.6+0.7x02=0.44
Output Gate:
ot = a(Wo - [he1, X¢] + bo)
The hidden state h is then calculated as:
h¢ = o¢ - tanh(Gy)

With the use of this LSTM structure, the system was
able to detect indications of depression with a high
accuracy of 96.4% by modeling complicated temporal
patterns in user responses.

LSTM Model Performance Metrics

F1-Score (1) 95.5%
F1-Score (0) 96.4%

Recall (1) 96.1%

Recall (0) 95.1%
Precision (1) 84.9%
Precision (0) 9.7%

Accuracy 96,4%

Y @ u % E) 10
Percentage

Figure 10. PERFORMANCE METRICS FOR LSTM

The LSTM model demonstrated a remarkable accu-
racy of 96.4%, making it a strong performer. Its effi-
cacy in processing sequential data for sentiment anal-
ysis and depression identification was highlighted by
its enhanced accuracy, recall, and F1 scores for both
classes.

Over the course of five epochs, the LSTM model's
training process demonstrated a steady rise in accu-
racy and a drop in loss. 96.31% was the final test ac-
curacy [22]. After that, the model was applied to fore-
cast the likelihood of depression for input text strings
like "feeling sad" and "extremely sad," proving its ca-
pacity to accurately assess emotion and forecast the
likelihood of depression.

) Box Plot of Loss Box Plot of Accuracy
€30
081 |
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[_.
|
|

Accuracy
e
£

=
-]
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090
0s] |
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loss al hss accuracy

Loss Type Accuracy Type
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Figure 11. BOX PLOT FOR LSTM

The distribution of accuracy and loss for the LSTM
model during the training and validation stages is
shown in the box plots below.

Loss box plot:

* Training Loss: The figure demonstrates a consis-
tent, low loss with few outliers, suggesting that
the model picked up new skills quickly through-
out the training stage.

+ Validation Loss: With a few outliers, the valida-
tion loss is marginally larger than the training loss
and indicates some overfitting, but it is still within
an acceptable range.

Accuracy of Box Plot:

* Training Accuracy: The plot demonstrates the
model's good performance on the training set
by displaying a high training accuracy with little
volatility.

+ Validation Accuracy: Good generalization to un-
known data is shown by the validation accuracy,
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which is somewhat lower than the training accu-
racy but still high with little volatility and outliers.

5.4.3 5.3.3 Routine Recommendation Using

Random Forest
For regular suggestions, a Random Forest classifier
that combined many decision trees was utilized. The
following are the mathematical steps:
Gini Impurity: The Gini impurity is a measure of
the impurity of a dataset in the context of classification.
It is defined as:

C
Gini(p) = 1- > _(p?)
i=1
For a binary classification problem where p; = 0.7
and p, = 0.3, the Gini impurity can be computed as:

Gini(p) = 1 - (0.72 + 0.32) = 0.42

Entropy: Entropy is another measure used to quan-
tify the uncertainty or impurity of a dataset. It is de-
fined as:

C
H(p)=->_ p;log(p;)
i=1
With the same probabilities p; = 0.7 and p, = 0.3,
the entropy is:

H(p) = -(0.7 10g(0.7) + 0.3 10g(0.3)) ~ 0.61

The Random Forest model has a 94.9% accuracy
rate. Utilizing user inputs like gender, age, height,
weight, and activity level, it employed ensemble learn-
ing to generate robust predictions and suggestions.

Model of Random Forest: With an accuracy of
94.9%, the Random Forest model demonstrated
impressive performance as well. By utilizing ensem-
ble learning approaches, it produced dependable
forecasts and strong recommendations. The user
enters their gender, age, height, weight, and degree
of exercise. After processing these inputs, the algo-
rithm estimates an activity level and offers suggested
activities with links to YouTube videos.

Random Forest Model Performance Metrics

F1-Score (1) 94.4%
F1-Score (0) { 94.9%

Recall (1) 95.3%

Recall (0) 4 94.0%
Precision (1) 93.6%
Precision (0) { 95.8%

Accuracy 94.9%

% @ u % @
Percentage

Figure 12. PERFORMANCE METRICS FOR RANDOM FOREST

The distribution of four features—age, weight (kg),
height (m), and activity level—is shown by the box plot
representation. The age distribution has a median of
around 25 years and an interquartile range (IQR) of
about 20 to 30 years. The whiskers range in age from
about 15 to 35, with a few outliers above 35 suggesting
that there are some elderly people in the sample.

In terms of weight, the IQR ranges from 40 to 80 kg,
with a median of about 60 kg. There are no notable out-
liers in the weight numbers, which indicate a uniform
weight distribution within the range of around 30 to 90
kg.

When it comes to height, the IQR is closely packed
around 1.6 meters, which is the median. With a few
small outliers suggesting some fluctuation but gener-
ally consistent readings, the height values exhibit little
variation, falling between and slightly above the me-
dian.

The median activity level is around 1.5, which de-
notes low activity. With values ranging from around 1.2
to 2.0, the IQR is closely concentrated around this me-
dian, suggesting that the majority of people fall within
the sedentary to extremely active range. There are no
notable outliers, indicating that the individuals’ activity
levels are distributed consistently.

The features of the dataset may be quickly and eas-
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Box Plot of Age, Weight, Height, and Activity Level
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Figure 13. BOX PLOT OF AGE, WEIGHT, HEIGHT, ACTIVITY
LEVEL

ily understood with the help of these box plots, which
is crucial for developing and assessing the effective-
ness of machine learning models in Cognitive Therapy
and Routine Recommendation System (CTRRS).

A box plot of the expected activity levels produced
by the Random Forest modelis shown in Figure 14. The
interquartile range (IQR) for activity levels is from 15 to
25, with a median of about 20. The whole range of an-
ticipated activity levels is shown by the whiskers, which
stretch from 0 to 30. The box plot indicates a steady
prediction over a wide range of inputs, showing that
the model often predicts a balanced distribution of ac-
tivity levels with no notable outliers.

The Random Forest model’s projected activity lev-
els in the Cognitive Therapy and Routine Recommen-
dation System (CTRRS) are visualized using a box plot.

The median, or orange line, represents the ex-
pected activity level. It is around 20, meaning that half
of the anticipated activity levels fall below and half fall
above this amount.

Range of Interquartile (IQR): Between 15 and 25,
the middle 50% of the anticipated activity levels are

Box Plot of Predicted Activity Levels
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Figure 14. BOX PLOT ANALYSIS OF PREDICTED ACTIVITY
LEVELS

found. This range sheds light on the variability sur-
rounding the median by showing the distribution of
the core 50% of the data.

Whiskers: The whiskers show the range from
roughly 0 to 30, indicating the range that most of
the predicted activity levels fall into. This suggests
that most of the time, the model predicts activity
levels within this wider range. Outliers: There aren't
any significant outliers, indicating that the predicted
activity levels are distributed fairly consistently with
no extreme deviations.

6 5.3.4 Ensemble Model for Final

Classification
An ensemble model was employed to include the ad-
vantages of both approaches. A voting process that
integrated the predictions of the Random Forest and
LSTM models determined the final categorization. Fi-
nally, a categorization is provided by:

Vensemble = Mode(y stm, Vrr)

The ultimate result is determined by the majority
vote, for example, if LSTM predicts "depressed" and
Random Forest predicts "not depressed."
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7 Analysis

The findings demonstrate how well the LSTM model
performs in depression detection tasks because of
its capacity to handle sequential input and identify
long-term relationships. Additionally effective in pro-
viding strong suggestions based on user preferences
was the Random Forest model [23]. A thorough grasp
of the models’ advantages and possible areas for
development was made possible by the confusion
matrices, which included detailed information on
true positives, true negatives, false positives, and
false negatives for each class. This detailed analysis
provides decision-makers with information to assist
them select the most appropriate model for particular
CTRRS activities.

The effectiveness of the Random Forest and
LSTM models was assessed using these datasets.
The healthcare dataset allowed for the assessment
of the Random Forest model's capacity to suggest
appropriate healthcare actions, while the depression
dataset allowed for the evaluation of the LSTM model's
performance in depression diagnosis using sentiment
analysis. Both models were trained and evaluated
using strict, standardized protocols.

Among the evaluation criteria were the F1-score,
recall, accuracy, and precision. These metrics are
essential for providing a comprehensive view of
the models’ performance in recognizing patterns,
especially concerning the challenging tasks of regular
recommendation and depression detection. A bal-
anced statistic that accounts for both false positives
and false negatives is provided by the F1-score. It
is the accuracy and recall of harmonic mean. The
model’s recall measures how well it can find all rel-
evant instances in a class, while accuracy measures
how well positive predictions are made. Accuracy
provides a measure of the overall forecast accuracy.
By using these indications, we may learn crucial infor-
mation about the models’ advantages and potential
weaknesses. We can gain important insights into the
strengths and areas for improvement of the models
by incorporating these indicators.

8 DISCUSSION

Our anticipated techniques titles, Cognitive Therapy
and Routine Recommendation System (CTRRS) repre-
sent a significant step forward in the field of machine
learning and mental health care, with the goal of
improving therapeutic treatments by means of sophis-
ticated predictive modeling. The capacity to reliably
identify depression and suggest tailored regimens
has great potential to enhance patient outcomes and
streamline treatment procedures as mental health
issues gain traction.

Our study focuses on carefully analyzing how differ-
ent machine learning models—in particular, the Ran-
dom Forest and Long Short-Term Memory (LSTM) mod-
els—perform in the field of mental health care. We
highlight the critical role that natural language process-
ing (NLP) and machine learning algorithms play in cap-
turing the subtle and complicated character of textual
data pertaining to mental health by synthesizing find-
ings from earlier studies [24]. Patient replies provide
contextual information that the LSTM model is particu-
larly good at processing and comprehending because
of its capacity to handle sequential input.

Our method adapts machine learning models to
handle the particular features of mental health data,
which are typically associated with informal language
and emotional overtones. This guarantees strong flex-
ibility and precision in anticipating depressed moods
and suggesting suitable routines. By using word
embedding techniques, these models can capture
the rich semantic information of the text with even
greater precision.

Our findings have significant practical ramifications
that demonstrate the promise of machine learning
models in practical mental health applications. By
weighing the advantages and disadvantages of every
model, we promote well-informed choices when im-
plementing them in therapeutic systems. The strong
and dependable Random Forest model enhances the
capabilities of the LSTM model, offering a complete
solution for routine recommendation and depression
detection.

The box plots illustrate the occurrence of outliers
in our data, which indicate either extraordinary perfor-
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mance or issues encountered by the models. This of-
fers a more profound understanding of their depend-
ability and consistency. The box plot is an effective vi-
sual tool that helps us assess how stable each model's
performance is overall over a range of validation cir-
cumstances. By providing a dynamic depiction of per-
formance distributions and emphasizing intrinsic sta-
bility and variability, this graphical approach helps re-
searchers and practitioners comprehend the models’
reliability in real-world applications.

Our research offers particular approaches for im-
proving machine learning models customized for men-
tal health applications, which is in line with forward-
looking trends in the literature. This involves investi-
gating how different categorization strategies, includ-
ing advanced LSTM models, affect the precision and
flexibility of mental health forecasts. We also empha-
size the significance of investigating how the network’s
size and the patient data mix affect the classifiers’ nu-
anced performance. These factors provide a roadmap
for future research and direct the continued progress
of mental health models.

We use knowledge from relevant publications to
place our study in the larger context of text catego-
rization. One of the main components of machine
learning applications is text categorization, which
makes it easier to automatically organize and classify
unstructured text data. Linking our results to the
larger context of text categorization enhances the con-
versation by offering a comprehensive viewpoint on
the effectiveness and suitability of machine learning
algorithms in niche domains such as mental health
[25]. The application of hybrid machine learning algo-
rithms for sentiment analysis on social media data by
Hasan, M., Hassan, A., and Mahmood, A. [26] further
supports this viewpoint by emphasizing the value of
combining multiple techniques for improved accuracy
in text classification tasks. Similarly, Bose and Dutta’s
case study on Ramco Cements Ltd. highlights the
difficulties and complexities of handling large-scale
data projects, which emphasize the vital necessity
for strong data management techniques when using
machine learning models in practical applications [27].

Moreover, our methodology is consistent with

the seminal work on Latent Dirichlet Allocation (LDA)
by Ng, Jordan, and Blei, which has been essential
in helping the machine-learning community better
grasp topic modeling and text classification [28].
Our approach to sentiment analysis and the wider
implications of our study in mental health applications
are also informed by the growth of natural language
processing (NLP) techniques, namely the develop-
ments and difficulties in deep learning as addressed
by Hassan and Mahmood [29].

Lastly, we support openness by being open about
any possible restrictions and difficulties we ran across
while doing our research. With this open acknowl-
edgment, we want to strengthen the validity of our
research and provide readers and other researchers
with a more nuanced understanding of the practical
challenges and limitations of implementing machine
learning models in mental health treatment. To
ensure that mental health categorization models are
resilient and adaptable in practical applications, it
is critical to acknowledge these problems and pro-
vide guidance for their responsible and informed
evolution.

9 CONCLUSION

Our research provides a thorough investigation of
the efficacy of the proposed Cognitive Therapy and
Routine Recommendation System (CTRRS), employing
cutting-edge machine learning models like Random
Forest and Long Short-Term Memory (LSTM). The
thorough analysis offered in Table 1 emphasizes the
unique qualities and trade-offs connected to each
algorithm, highlighting their potential to improve
mental health services.

The LSTM model has an outstanding accuracy of
96.4%, making it stand out as a solid performer. This
model is quite good at identifying sadness because it
is good at processing sequential data and deciphering
the subtle contextual cues in patient responses. The
fact that it performs well in terms of accuracy, recall,
and F1-score highlight its capacity to correctly forecast
depressed states—a critical skill for mental health
therapies that are successful. With an accuracy of
94.9%, the Random Forest model also performs ad-
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mirably. The utilization of numerous decision trees in
an ensemble model results in dependable predictions
and strong recommendations, hence augmenting
the system’s capacity to provide customized routines
according to user preferences.

Our study offers real value for real-world applica-
tions in mental health treatment; it is by no means
only theoretical. The knowledge gained from our
research provides a basis for creating methods that
can increase the efficacy of treatment efforts. The
LSTM and Random Forest models exhibit strong
performance, indicating their possible applicability
in practical mental health settings and significant
enhancement of patient results.

Our results have significant applications in the
real world. Through the integration of sophisticated
machine learning algorithms, the CTRRS may offer
tailored, precise, and efficacious therapy sugges-
tions, therefore augmenting the general standard of
mental health services. Our system’s complete and
balanced approach guarantees that patients receive
individualized therapies that address their specific
requirements, promoting improved mental health
and overall well-being.

Ultimately, the significance of continuous inno-
vation in the field of mental health treatment is
highlighted by our research. We can create more
efficient and flexible systems that handle the changing
demands of mental health by continuously improving
and honing machine learning models. In order to
achieve this aim, the proposed CTRRS is a major step
forward, opening the door for more developments in
therapeutic technology.
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